Numerous hedonic price analyses estimate price effects associated with hazardous waste site remediation and other environmental variation. Previous efforts to predict effects of remediation on property values have emphasized only the partial price effect of cleanups, holding other jointly determined aspects of neighborhood change fixed or neglecting them altogether. Little attention has been paid to the indirect price effects and sorting induced by environmental quality change. Few studies examine multiple sites. This paper estimates a neighborhood transition model to capture the separate effects of the direct price effect from cleanup and the indirect price effects arising from residential sorting and changes in investment in the housing stock following cleanup. A firstdifference model of change in neighborhoods is estimated for the continental United States to examine the effects of Superfund site cleanup. Several alternative specifications and approaches to possible endogeneity in cleanup decisions are reported. The estimates describe a rich set of relationships between many dimensions of environmental and neighborhood change. Results from this approach confirm recent findings that Superfund cleanups do not have consistently positive direct impacts on property values. The results further suggest that consistently positive indirect price effects arise through residential sorting and neighborhood investment spurred by remediation. The findings can be sensitive to model specification, however. Policy implications from this evidence of environmental migration pertain to cost-benefit analysis as well as environmental justice.
pointed to the important role of environmentally-induced migration. If sorting occurs in the housing markets, conventional hedonic models that include neighborhood composition variables risk including controls that are jointly endogenous. Consistent estimates of price (and nonprice) impacts of environmental shocks involves careful attention to both unobservables and the interdependence of price and neighborhood dynamics.
The co-location of NPL sites and residents is a major policy issue, especially in terms of the equity of exposure. The Environmental Justice movement and literature have often focused on hazardous waste facilities. To varying degrees, assessments of distributional equity have accounted for migration and sorting in response to siting decisions. Been (1997) , Anderton et al. (1994) , and Baden and Coursey (2002) all cast doubt on hypothesis that siting follows race. Alternatively, Hamilton (1995) finds facility expansions to follow neighborhoods where collective political action was weakest. Gayer (2000) finds likewise for levels of risks, while Shapiro (2005) finds similarly for changes in risk levels. One implication is that the EPA may base decisions about cleanup, in part, on the political influence of a community. Another implication is that surprisingly little work exists in the Environmental Justice literature that explicitly measures a dynamic model where households migrate and environmental quality improves. Most of these studies examine sorting around existing sites. Far less effort has gone into rigorously investigating neighborhood transition in the wake of Superfund site remediation. If there are price effects associated with environmental remediation, then neighborhood sorting should follow. While this dynamic has yet to be observed following siting, at least in the Environmental Justice literature (Ringquist 2006) , we offer new evidence on sorting following remediation. Moreover, shifts in rentership rates are also estimated, with implications for whether residents can capture subsequent property value gains (see discussion in Sieg et al. 2004) .
III. Theory and Empirical Methodology.

A. Theoretical model
In general, hedonic studies use cross-sectional data to estimate a first-stage equation of the form:
(1)
where t indexes time, i indexes individual housing units, P is the house value, E measures environmental quality (which is a negative function of the presence of a polluted site), S is a vector of structural characteristics of a property, N is a set of neighborhood demographic characteristics, M is a vector of characteristics of the municipality that may vary over time and also affect prices, and G is a set of time-invariant characteristics that affect price (such as distance to the CBD). The hedonic price, β E , is typically taken to also represent the willingness to pay -by the marginal consumer in that housing marketfor a marginal increase in environmental quality.
One potential problem with a simple OLS approach to the hedonic equation in levels is that some of the components of G will be unobserved and correlated with the other variables of interest. To mitigate this problem, we estimate the model in first differences (Mendelsohn et al. 1992 , Zabel 1999 . This strategy purges our parameter estimate of bias from the omission of time-invariant variables, and we thus identify the parameters from within-observation changes in environmental quality, neighborhood demographic conditions, and structural characteristics, as in equation (2) In this paper, we consider the possibility that equation (2) is part of a larger system in which many of the key variables are set simultaneously. Estimating the system that simultaneously determines prices and housing and demographic characteristics reveals the direct price effects of environmental clean-ups and enables us to map the pathways through which the indirect effects arise. Our model of structural characteristics explains observed levels of S by the lagged level of S and the other variables in the system: Here, the housing stock depends on its past levels and environmental quality, neighborhood demographics, and other considerations. Again, taking first-differences to control for time-invariant unobservables yields:
will continue its path towards long-run equilibrium. However, if environmental quality suddenly improves, it might cause people to change the kinds of housing they build. 3 Likewise, neighborhood demographics such as family size and income will also affect the equilibrium quantity and quality of the housing stock if the demand for housing is related to these demographics.
A similar argument holds for neighborhood demographic characteristics. Let the observed neighborhood demographics be explained by:
Taking first-differences yields:
Thus, N follows a partial adjustment process, where changes in environmental quality, structural characteristics, and other factors all explain the observed changes in neighborhood demographics. Demographic groups' differing demands for E may cause them to sort into neighborhoods according to their willingness to pay for these attributes (Diamond and Tolley 1982) . Similarly, changes in housing stock may attract different types of residents, at least when the capital stock is somewhat inelastic.
Rearranging terms and rewriting the first-differenced system in matrix notation yields equation (7). In this paper, we are specifically interested in the effects of E & , especially when E changes due to policy intervention, as in the case of Superfund site clean-ups. Given the system of equations (7), the total effect of a clean-up ( E & ) can be seen to depend not solely on its direct effect ( E β ), but also on its indirect effects. Totally differentiating and dividing through by E d & , while recognizing the lagged differences in P, S, and N will not depend on E & , yields:
We can then use Cramer's Rule to obtain the total effect of a change in E: denominator is a sort of multiplier effect. If there is no endogeneity in equation (7), 4 this total derivative reduces to the first three terms in the numerator.
In this application, the system of equations is considerably more complex because An alternative model of the system might allow for property values to enter into equations (3) and (5) directly. Thus, they appear as:
In equation (3a), the substitution towards different types of housing when property prices rise suggests an important role of P in explaining S. Similar arguments hold for the inclusion of P in equation (5a): higher property values may attract different types of residents. First-differencing these equations completes the alternative system. 5 The total effect of changes in E on appreciation rates is given as equation (9a):
B. Estimation approach
To identify the parameters in equation (9), we estimate the system of equations (7). In this framework, the preferred data set would include a national sample 6 of properties and a rich set of housing and resident characteristics over time. The two most obvious candidates (the American Housing Survey and the Public Use Micro Sample) only provide geographic information at the county-level. Since the effects of hazardous waste sites have been found to be highly localized (Hite et al. 2001 , Mendelsohn et al. 1992 , such large geographic scales are inadequate for our purposes.
In the absence of national microdata, we use aggregate measures of housing and population characteristics at the neighborhood (block group) level. Using block-group averages and medians, we wish to see how neighborhood transitions induced by site clean-ups affect total changes in prices. There are some advantages to this level of aggregation (Goodman 1977) . Coulton et al. (2004) show that the block group matches survey respondents' perceptions of "neighborhood" better than other available levels of aggregation. We use U.S. census data from 1980, 1990 and 2000, processed by Geolytics, Inc. so that block-group boundaries do not change from decade to decade.
This geographic consistency across years enables panel data analysis. We treat block groups, the smallest level of aggregation for which our data are available, as the unit of analysis in the first-difference approach.
The use of aggregated data, even at the neighborhood level, limits our ability to infer price effects at the individual level. Nonetheless, some hedonic research has shown that estimates using aggregate data produce reasonably accurate results (Freeman 1979 , Nelson 1979 , O'Byrne et al. 1985 . 7 Moreover, the median housing value in a neighborhood is of considerable policy import. Learning more about the effects of cleanups on this neighborhood measure is informative, even if it does not recover the true underlying hedonic price. The results based on such aggregate measures can be viewed in an epidemiological light: the effects of average exposure on average outcomes, while not the ideal, are nonetheless interesting.
The estimation strategy employed here attempts to avoid two kinds of bias that would result from estimating equations (1), (3), and (5) with OLS. The first arises from time-invariant omitted variables. If we had no time-invariant omitted variables and good instruments, then estimating equations (1), (3), and (5) in levels would be sufficient and straightforward. Yet, to address the serious concerns about unobservable individual-level effects and to help with our search for instruments, we estimate the system in firstdifferences. This recovers the same set of parameters as found in the system in levels by relying on observations of how these variables respond to changes in the environmental good (something that would not be possible with cross-sectional data alone).
Another source of bias in all three equations stems from endogeneity in the system. 8 Equation (4) has changes in structural characteristics depending on changes in neighborhood demographics just as equation (6) has demographic trends following from changes in the housing stock. Equation (7a) states that appreciation rates are affected by changes in the structural characteristics while also stating that those changes depend in part on the appreciation rate. To correct for this endogeneity, we estimate equation (7) as a system of simultaneous equations. Having differenced out all time-invariant determinants of P, S, and N, the search for instruments is made somewhat less arduous.
With a few exceptions, we use twice-lagged levels of each variable as instruments.
The consistency of our estimator depends on the validity of our instruments.
Under the assumption of white noise error terms in (7), the twice-lagged levels of each variable serve as valid instruments. This follows the recommendations of Arellano Our variable of interested is E & , which represents EPA clean-up activity over the 1990's. Derived from public EPA data (EPA 2003) , this variable equals one if a block group contains a site that was deleted or partially deleted from the NPL during the 1990s. This is the most complete and final designation of a hazardous waste site, indicating that the EPA is satisfied that the site has been cleaned enough to pose no further health risk.
This change in status, more than mere listing or incomplete remediation, should lead to improved environmental quality (Greenstone and Gallagher 2005) . Because the policy variable, E & , may not be exogenous, we also estimate models with an instrumented E & The M vector captures the conditions of the municipality or Census "place".
Ideally, M & would measure changes in important variables like school quality, crime, and public finance attributes of the area. Such variables are unavailable, however, for the nationwide sample and appropriate dates needed in this analysis. Proxies are constructed using first-differences in the following place-level variables: number of households, median housing value, median rent, median household income, percent of households with children under 18, and percent of households that are married families with kids. This approach groups observations not in an MSA into a single rural group to compute the group-level trends.
Time-invariant components of G will cancel out in the first-difference estimation.
If we relax the assumption of constant hedonic prices for these characteristics, however, geographic variables may re-enter the model. The β G would then reflect the change in the hedonic price from 1990 -2000. The same applies for the other equations for structural and neighborhood characteristics. To account for possible changing influence of unobserved MSA-level characteristics in the various equations in the system, all models are estimated with MSA-level fixed effects. By subtracting the MSA-level means from each variable, the models effectively control for changing prices (and other levels of S and N) at the metropolitan level over the 1990s. Relaxing the assumption of timeinvariant prices also allows a richer set of geographic controls, G, to enter the price equation in some specifications. 9 The G vector includes a natural amenity index 9 All models estimated here control for MSA-level fixed effects in all equations in the system. It should be emphasized that, when it is specified that G is included in the model by relaxing the assumption of fixed computed at the county level by the USDA ERS (USDA 1999) and a set of interactions between MSA dummies and distance to CBD, which was derived from various Census TIGER files and the National Atlas of the United States (2004) . By including these timeinvariant factors in our price model, it allows housing price trends to vary according to climate and topography, and across and within MSAs. Table 1 presents the variable names, descriptions and descriptive statistics of all the variables described above. To identify the system in equation (7) 
D. Endogeneity Issues with E &
Up to this point, we have maintained the assumption that while P, S, and N are determined simultaneously, EPA clean-ups are determined exogenously (i.e., E & is uncorrelated with i ε& in equations 7 or 7a). This assumption may not hold. Empirically, difference of the percent of housing units in structures with nine or less housing units. Second, because of the changes in definition of race and ethnicity between the 1990 and 2000 censuses, the percent white variable might not be precisely comparable across these decades. Also, while in 1990 and 2000 the data on education are reported for person's aged 25 or older, in 1980 they are reported for those 18 and over, so again, the lagged variable is not exactly identical in definition to the endogenous variables.
Viscusi and Hamilton (1999) show that the clean-up standard chosen by the EPA depends on some demographic characteristics of the area surrounding the site. On the other hand, Hird (1993 Hird ( , 1994 shows that the demographics of the county which contains a site has little effect on the progress of a site through remediation. Gupta et al. (1996) find similar results; that clean up decisions for NPL sites were more related to clean up costs and risk factors than to neighborhood demographics. More recently, Daley and Layton (2004) predict site progress through remediation and find no significant effects of area demographics. These studies offer little evidence that deletion, our variable of interest, hinges much on unexplained changes in P, S, and N.
Because all of these studies are done conditional on the presence of a hazardous waste site, the exogeneity of clean-ups among sites might not generalize to our more inclusive sample. Even in our first-differencing context, this should concern us because neighborhoods experiencing clean-ups will be neighborhoods that contained sites in 1990
(i.e., E t-1 and E & are highly correlated). If neighborhoods with Superfund sites in 1990 tended to have systematically higher or lower residual appreciation rates, the β E could be biased. To control for this possibility, we will also estimate models on the subset of neighborhoods that contained sites. In this subsample, we were unable to reject the null hypothesis of exogeneity of E & in most of our equations using a Durbin-Wu-Hausman test. Thus, we feel it is safe to take clean-up as exogenous, conditional on the presence of a site. We report results from models run on the full sample with (models 2 and 4) and without (models 1 and 3) instrumenting for E & . We also report comparable results for models run on the subsample of observations with sites as of 1990 (models 1' and 3').
Along the lines of Gayer (2000), we consider an instrumented version of E & in models 2 and 4. Ê & is estimated from a probit of P t-2 , S t-2 , N t-2 , E t-1 , site-specific characteristics, and a variety of other measures from 1980. 11 The site-specific characteristics include the Hazard Ranking System (HRS) score of the closest site, a dummy variable if the HRS score is missing for that site, and the years elapsed since the closest site was first "discovered" by the EPA for inclusion on the NPL. As every observation (i.e., block group) has a closest NPL site, the HRS variable should say little about the environmental quality of the observation; merely it should indicate the likelihood of that site to be cleaned up (Hird 1990, Layton and Daley 2004 for the possibility that clean-ups tended to occur in areas that experienced price changes.
Models 2G and 4G include in the price equation the G vector of the Natural Amenity
Scale, distance to city center, and MSA-specific distances. Letting prices for these attributes vary controls for the possibility that, for instance, if downtown areas tended to get clean-ups and also tended to see large price increases during the 1990s, then β E might be biased upwards without controlling for distance-to-downtown. Finally, models 2EG
and 4EG include both the G vector and the E t-1 , allowing for the possibility that blockgroups with or near NPL sites in 1990 were somehow different than other areas and followed different price path over the 1990s.
12 Ideally, the possibility of time-varying β S and β N could also be explored, but including additional endogenous regressors (S t-1 and N t-1 ) in the price equation would leave the system underidentified without resorting to additional arbitrary exclusion restrictions. The results thus depend on the assumption that significant implicit price changes do not occur if that attribute is correlated with remediation. We maintain the assumption of constant prices common in repeat-sales hedonics. Table 2 summarizes the results of estimating alternative P & equations based on equation (2). Table 3 summarizes the results of estimating several alternative specifications of the neighborhood transition and NPL clean-up system in equation (7). Table 3a does likewise for the alternative system in equation (7a). (Note that the price equation is the same in both equation (7) replicate Models 1 and 3, respectively, except that the instrumented version Ê & replaces E & . Models 1' and 3' correspond to Models 1 and 3 except they are estimated using the restricted sample of only block groups that contained NPL sites in 1990 or are adjacent to those block groups. This sample restriction reduces our sample size from about 200,000
Summary of Models
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IV. Results
to about 11,000.
Estimates of Models 1 and 2 in Table 2 show median housing value changing with changes in structural and demographic characteristics of the neighborhood. The initial first-difference price regression offers results generally consistent with expectations and previous literature. The effects of these controls are relatively stable across models in Table 2 , especially for the full sample. Newness, rooms, plumbing, income, percent white, education, absence of poverty, and shorter commutes are all associated with higher prices in the OLS model. Model 1' shows that a somewhat different set of prices may hold in the subsample. Otherwise, the OLS models explain about 22% of the variation in appreciation rates in block groups in fairly standard ways.
[Insert Table 2 The direct price effects of clean-ups are estimated in Tables 3 and 3a using the 3SLS approach. Depending on the modeling assumptions and sample, the estimated price effects range from -9.5% to 6.5% in Table 3 but only the estimate in Model 3 is significantly different from zero. 13 The alternative models in Table 3a exhibit a similar range in estimates, although most are closer to zero. 14 The model that includes E t-1 proves to be the exception, with the price effect of Ê & tending to be more negative in Model 4EGa than its counterpart in Model 4EG. In Model 3a, median property values in block groups with or near clean-ups appreciate a statistically insignificant 2.7% faster 13 The instruments used to identify the system in equation (7) work well, as expected. Staiger and Stock (1997) suggest first-stage F-statistics as indicators of instrument strength. The first-stage regressions in the 3SLS estimation for Models 3 and 4 all yield F-statistics greater than 20 for 38 out of 39 equations, with most F-statistics well exceeding 100. Another concern is that the exclusion restrictions overidentify the system. In Models 3 and 4, the price equation has 19 endogenous variables and 20 exclusion restrictions.
The Sargan test statistics (distributed χ 2 with 1 degree of freedom) for the P & equations, estimating in 2SLS, in Models 3 and 4 range between 57 and 67. These large statistics give some concern that the system is overidentified. Consequently, using this instrument set cannot rule out the endogeneity of E & in the price equation. It does, however, appear to be exogenous in many of the other equations in the system.
Among a restricted sample of neighborhoods with or near NPL sites in 1990, the exogeneity of E & cannot be rejected in the price equation for Model 3' based on the C-statistic in 2SLS. Overall, the diagnostic statistics for the system estimations in Models 3 -4 point to strong instruments and only moderate concerns about overidentification.
than other block groups. The instrumented clean-up variable produces very similar direct price effects in Model 4a. Among neighborhoods with or near NPL sites, however, block groups with remediations actually appreciate 1.6% more slowly on average. Only when E t-1 and G are included does the direct price effect of instrumented clean-ups become statistically different from zero. In Model 4EGa, block groups experiencing remediations exhibit 20.7% lower appreciation rates than comparable properties.
[Insert Table 3 about here]
[Insert Table 3a Apparently those neighborhoods around NPL sites circa 1990 experienced above average appreciation during the 1990s. This weak result, that β E may be incorrectly attributing some of the price growth in "dirty" neighborhoods to the clean-ups that occurred in some of them, is evident from comparing β E in models 3 and 3', and 4G and 4EG. The similar pattern of upward bias holds in Table 3a . The bias is so strong in the alternative Model 4EGa that the negative direct price effect actually becomes significant. Otherwise, the evidence in Tables 3 and 3a point to consistently small and insignificant effects of cleanups.
This result resembles the OLS results presented in Table 2 , but it contrasts with much of the hedonic literature on Superfund sites. These single-site studies often find significant price effects on properties even farther away than one or two block groups. Kiel and Williams (2006) are an exception in this literature, where their multi-site approach finds negative price effects over time for much of their sample. In addition, our results suggest that unobservables associated with the neighborhoods around NPL sites and, in particular, sites experiencing remediations may bias the observed price effects.
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The effects of clean-ups on neighborhood composition and housing stock are presented in the bottom panels of Table 3 and Table 3a . In many cases, NPL site clean- poorer, and less blue collar over the 1990s, rather than just the areas experiencing 15 Incidentally, this result likely does not owe to the choice of comparison group. When the sample is restricted to only the 10,645 neighborhoods with or near NPL sites, the direct price effect of Model 4EG is -0.9836 (z-statistic = -3.72). Clean-ups adversely affect property values even more strongly among the subsample. This result suggests a possible explanation for the negative price effect: the hazardous waste site is a disamenity that harms property values, inclusion in Superfund improves property values, and delisting it removes the government support without removing the disamenity associated with the site. This may be because the market valued the eyesore more than the health risk, and the EPA only remediated the latter despite high hopes about the former. The negative price effect of de-listing thus reflects, perhaps, a sense of abandonment of the site or neighborhood and only the stigma remains. Perhaps with a longer time-lag after clean-up the negative price effects will dissipate and even become positive. Among these block-groups enjoying a de-listing, the median years passed since deletion is only 2.76.
remediations. Model 4EG, which includes E t-1 in each of the S & and N & equations and
uses both E t-1 and G as exogenous instruments in the first stage, finds several significant non-price effects of clean-ups. Neighborhoods with or near a clean-up tend to gain more rooms per housing unit but fewer bedrooms per unit, a larger share of units using utilities for their heat, a larger share of nonwhite residents, a larger share of units occupied by renters, and shorter commutes. As shown in the top panel of Table 3 , some of these affected variables are significant in the hedonic price equations; others are not.
Interestingly, block-groups nearby NPL deletions during the 1990s did not appear to become much wealthier, more white and educated, and more family friendly as some might expect.
The alternative models in Table 3a show roughly similar effects of clean-ups on neighborhood composition when the effects are significant. With population densities rising and median building age becoming younger, one might conclude that new housing is being built as immigrants move into these areas. This provides some evidence for both supply and demand effects of changes in environmental quality.
Although housing markets and residential sorting mechanisms appear responsive to changes in environmental quality, direct price estimates, from neighborhood-level hedonic analysis (as in Models 1 or 2) or from systems models (as in Models 3 or 4), capture only part of the effect of clean-ups on prices. The full price effect of an NPL clean-up can be calculated via equation 9 or 9a. These effects appear in Table 4 along with direct price effects reprinted from Table 3 .
In most of the models estimated, the indirect effect goes in the opposite direction of the direct effect. Relative to the standard errors for β E , these indirect effect sizes are often quite small. Two exceptions arise in Model 3' and 4EG -both of which control for E t-1 either by directly including it or by restricting the sample. Clean-ups in either case do not have significant direct price effects, but they do induce changes in demographics and housing stock such that prices substantially rise. The indirect price effect in Model 3', which uses a sample restriction to mitigate the policy endogeneity, appears substantively large and positive. The net price effect of clean-ups among the eligible neighborhoods is a 3.8% increase, which is a substantial improvement over the 4.3%
decrease that would be expected under a clean-up if the neighborhood dynamics were held fixed. Using G as instruments and including G in the price equation in the full sample also obtains positive indirect price effects. On net, the flexible full-sample specification with MSA-specific effects of proximity to city center predicts 7.8% higher property values in block groups with or near NPL deletions. This positive price effect, however, arises through neighborhood change occurring and influencing price. Direct price effects alone tend not to be positive and significant in these models. Overall, the results suggest two things: (1) the direct price effects are not large and positive; and (2) allowing for indirect price effects can yield significant total price effects from clean-up, but much noise remains and the results are highly sensitive to model specification.
Similar results hold for the alternative model. 16 The preferred model points to a +7.8% total price effect from clean-ups, with a -9.5% direct and a +17.3% indirect price effect. 16 Large and positive indirect effects are observed for Model 4EGa. The magnitudes of the indirect effects in Model 4EGa is comparable to its corresponding indirect effects in Model 4EG. The total price effect in Model 4EGa is estimated to be 4.5%, which is close to the 4.0% estimate from Model 3a' and roughly similar to the 7.8% effect from Model 4EG. Again, as before, the alternative model does not tend to yield positive and significant direct price effects. The full effects in Models 3, 3', 4G, and 4EG are roughly consistent with the corresponding estimates in the alternative model. The most glaring difference arises in comparing Models 4 and 4a. Both exhibit small, positive, and insignificant direct price effects, but the indirect effects are -9.8% in Model 4 and are 16.0% in Model 4a. Including P & in the non-price equations, without controlling for E t-1 or G, greatly affects the results. Overall, similar conclusions hold in the The net result is that clean-ups tend not to appear as an amenity, unless the cleanup's induced changes in neighborhood composition are also allowed to affect price.
Throughout all of the models estimated in Tables 3 and 3A , the direct price effect is only significant and positive in Model 3, and their total price effects are also centered near zero. (If the confidence interval around the full effect estimate was the same size as that of the direct effect, the full effect's confidence interval would contain zero for all models.) With a full set of controls in Models 4EG and 4EGa, even if the direct price effect appears to be negative on average, the indirect effects bring the net price effect to positive through neighborhood change. Much noise surrounds these estimates.
The Models 3' and 3a' offer useful reference points, as they use a sample restriction to severely limit the comparison group. Among these observations eligible for receiving an NPL remediation, the direct price effect appears small, negative, and insignificant, whereas the full price effect appears positive and small (~4%). Though mixed, there is some evidence for positive indirect (not direct) price effects of NPL remediation during the 1990s.
[Insert Table 4 about here]
V. Discussion
In this paper, we consider the price effects of changes in environmental quality in two important dimensions often overlooked in the literature. In principle, estimating richer models of the joint determination of prices, neighborhood composition, and environmental quality can offer important insight into these indirect effects. This paper estimated those rich models for a major hazardous waste clean-up program, one which has cost taxpayers roughly $30 billion (Greenstone and Gallagher 2005) , and finds mixed evidence of significant direct or indirect price effects. If Superfund has any positive impact on property values, it seems that it must come through induced changes in housing stock and neighborhood composition. How these indirect effects should be used in, say, a cost-benefit analysis depends on the context. If a clean-up attracts housing investment or high-income families, some of that investment and in-migration is coming at the expense of other areas. Thus, these indirect effects should be used judiciously by policy-makers interested in efficiency. More local interests may care less about effects in other areas or markets.
Although evidence on price effects is weak here, estimating the structural models research mentioned here (e.g., Banzhaf and Walsh 2006) . The results in the bottom panel of Table 3 suggest that some sorting does indeed take place following environmental change. Remediations precede demographic shifts in neighborhoods, although the shifts are small and perhaps act in unexpected directions. After a site is removed from the NPL, the share of minority residents nearby increases. This suggests that remediating brownfields may pave the way for certain demographic groups to move into newly cleaned areas. Conversely, these effects also imply that attempts to catalyze urban renewal with brownfield remediation may not lead to the intended outcomes. As is common, individual and market behavior can undermine the best of policy intentions.
Original residents may depart and new residents may arrive. Moreover, their ability to capture any property value appreciation depends on ownership, and the results in Table   3a hint at new rental housing following remediations.
The present research invites further inquiry into simultaneous neighborhood and environmental change. A more robust system would better control for endogeneity in listing and remediation of NPL sites. A general equilibrium approach might also model other important markets, such as the labor market, to fully assess the expected price changes associated with remediation. Recent applications to air quality (e.g., Bayer et al. 2003 , Sieg et al. 2004 ) demonstrate the utility of general equilibrium models in examining joint environmental and neighborhood change. Certainly micro-level data would allow for more useful estimates and validation of our findings in local markets.
Whether price effects of NPL sites vary across sites or metropolitan areas, perhaps using a random coefficients framework, warrants additional attention following on Kiel and Williams (2006) .
More generally, the approach taken here can be extended to other contexts to enrich the use of hedonic estimates to guide and evaluate public policy. The evidence on Superfund clean-ups on property values is weak and inconsistent -adding to recent findings by Greenstone and Gallagher (2005) and Kiel and Williams (2006) . More than reinforcing these studies, our approach models a large and complex set of relationships extending well beyond price effects. This promises a more detailed picture of the neighborhood dynamics following environmental change. Although Superfund clean-ups had relatively small and inconsistent impacts on many variables, as with price, this sort of approach may yield great insights in other applications. For example, Shapiro's (2005) recent analysis of air toxics models risk changes as a function of static demographic variables. As this paper demonstrates, a simultaneous approach with changes in demographic variables is likely to produce different, and much richer, results. Finally, the sensitivity of our results to different assumptions about policy endogeneity indicates that this is no small concern in the case of Superfund. How listings or clean-ups are assigned is crucial to both identifying the many impacts of the policy and generalizing from observed impacts at one site to another. 
